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Abstract

Geochemical anomaly identification is an essential part of geochemical exploration. Making full
use of the distribution of frequency and spatial distribution patterns of geochemical elements is
important for identifying multivariate geochemical anomalies. In this paper, a new method of geo-
chemical anomaly extraction based on multiple principal component analysis is proposed for the
northwestern part of Jiaodong Peninsula in Shandong Province as an example. From the perspec-
tive of high-dimensional data, the main information of spatial dimension and elemental dimension
of geochemical data is extracted by multiple principal component analysis. The elemental correla-
tion and spatial structure of the geochemical data are captured, and the geochemical data are re-
constructed. Subsequently, the geochemical anomaly score is calculated by the distance between
the original value and the reconstruction value. The known gold deposits are distributed in the
areas with high anomaly scores; the spatial correlation between the anomaly score and the known
gold deposits is evaluated using the AUC index (AUC = 0.856). The results show that there is a close
spatial correlation between the extracted geochemical anomaly scores and the known gold depo-
sits, and the multiple principal component analysis method can effectively extract the geochemical
anomalies.
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BT, FEHLES 52 ) T 5] N BRI R — NI AT R SRR ENL[LT], &
SRR R 2L 2 AL[18], IILARMR[19], MR AEAL[20], RE HgmIDasML[21], RER R H 3w
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JB ARt XA O R I B R K 31X, HHA 200 210 5, S W] B3 it &k it 5000 ME[28] [29].
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X 3k Py EE B s AL T =R W R B T R AR R =l B TR BRI R, i - PR
X JUARALAAR AT G AR ) W 2 BT PR P A X A 5 H R PR A I, 2 5 e B DI AH DG (1 I AL i
1T 909% )& BHIRER SALAL AR - AL AR M WIRA G, A T B R Ry 2 18] 1) X35

X NS RIS %4+ 50, BAHERNZ N, ZREEN . XIEAN RS - 8RB S 1
TR F B2 AT FE AR A & AR L RS - 2R3, JER. dbdbRmd) - Matkiis =K
R E G, EEST RAGER B AT E B B0 & & A Sk &4 A g =
WKL S0 ASF ISl S UAE M SR AE P I AR . Hob, ARG 0 A0 T 581 1 Wi 11 3%
BRAR B IR W AR B A A R T R A b, R IR NER SN S BE0 FR T
FEAN . WS HILT Wi N ARSI F B2k 45 95 5 A8 X o A2y AN Bk 28 0 A AR I
For, B EH IAT T RIS T BT 3 I B R JOE AR R A i FE AR A N, T
WFR P4 [30] .

DOI: 10.12677/ag.2022.125067 670 HuERFL 2= ATV


https://doi.org/10.12677/ag.2022.125067

MR, X

Bl =GR ARy FEEELULRS
Bl 5= R AL B FEEtRReERALH
R ket
W Ry um s S

W e o

Figure 1. Geological map of the Jiaodong peninsula (modified after
Liuetal., 2021 [31])
E 1. BRI RAFERE(PL A Liu et al., 2021 [31]))
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TR R IR IFHIE, FoA15 AR 2 85 7 b 77 vE R R BUE BRRHE, TR S B
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Horb, ERAEIRERET, =[t. G, 4], t RS i DER MR, ul) A %EB?X P 5 22 B
fEAE, I (loading) FikE . BRFFAIFERIERZ M, B uQud" =1. dtt, llﬁﬂxé’ﬁfﬁﬁiﬁiﬁ%ﬁﬁi
T, T U H x-5 R TR - 5 Ay A A R R A 2

T, = XUy, (3-2)

AT PCA G5 R HUHT p NERI(p <t), MR T, KIHT p 41, TERESHE AT, e R™P . A1
T = [ttty | Ty TLAARF A x4 FE LB
TR, BATBES X0 () y- iR IT A AT A 00T, I LA B A -4 0 E YRR T, -
T, = XU (3-3)

o, EROEAERE T, (G AR A TR R, U FOoREERE. 5T R0, FE y 4R
SR T, e R™P AT LUEISHT p M EAGM(pSOBR, T) =[t, 4, t, |+ tFon5 i MBS .
U BRI y 4E R B 25 E AR T, .

552 R B SEH A 5 R FE REAR [F],  Toa 4R AR BAERE AT LU PCA SR AT g D E e
PAF. TURUEL I FELE T Rm A

Te = X?E))U(Ei) (3-4)

o, F o HE AR T SRR R L — A E o R, U FORBATERE . T RYEEE S R
FEFE Te e R™ H1 PCA 2 R0 g AN HEFIALRR, BEE e R4 L E2E .

3 2 §£E1F|IL.\EE
R AR KGR T, T NUTERAEEE B T 5, AT SR A EREIE AR
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SO S @ FURRIL Kronecker FERUEH[32]. WA - SLRMERE(T IR RE LR IR X0 0 X,
FRREEIRARIE, RAGERELE - TREERONE CREEUKRNIRERL, RIM
e ) BT XY L A X =T, S l) R A R TR TR R
SRR T A A Z KR U, fE0E RS, REEAS EA R T U
SIS E] K o ol RH O T LB BME F A R 3

miioni _Tc|f +, ”ci ”1 (3-6)

ANRH, B |||, RN £ -norm. 3% BLRATI A FE 44 FH A2 # ek (ADMMY) [33]j€ﬁ¢ﬂjc
ERAME BAE T A& H T EMREM RS MEEE. Bk, #o 2% TUXﬂ)’(ﬁj’%X pIvEN
R GEAN S IR RE AT A, R R 215 5. T R eh, R A T OB X B A
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K, RO e RM™ME R ANHy 0 AL ALRAOX FAERE, T & R EsEs 0 o fEA R, 5 T
KT R S R A T2 TR A5 RN T A0 R % e pfE R, 2 3R58 = 5T A2 o o 5l 1 1 4
KOEIT R IAEARIA B x o A RIBLRE, 56 X 5 x ZRIMEGL R, ERIMTIES, 1=1.
AAB-7) P A — A R B S B/ ik, X T X B P A
-1
K = (/u +§':R(‘>TR<‘>j (/1>2+§'3R(‘>TTC(‘>] (3-8)

i=1 i=1
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AR [21] [27] [34]

Err(i, 1) = |32 (X~ ) (3-9)

k=1
Horr, X A7 A BIER R X FER K AN TERRLE (i, ) BRI
4. Ik EFREIRFER

TATLABFFLIX 39 Fhoc s IRk =R N R Ga 5dE . HiERAb 220 AR & — P 2, JA T &
JF K Eb AR e (isometric-logratio transformation, iln)fT F R 28, SR TR RIIHIER R, WHRRDY
HARSSHI “PE RN o SRJE XS ilr AR J5 B AT RS AL, T S ERAG Z2 A s oK

ilr A5 4 5 PR IR 2 TR B 4 I B 16 x 16 x 38 R/ 97 AMNBEHL. fFH PCA 4341 A 1) 32 i o0 A s
(A5 SR AN T 2 A5 B R, R ok &, 19 B BRAL 2 R W49 95 o AR ST BRAERFAIE (receiver
operating characteristic, ROC) i Z: 1 ROC I i & i (area under the receiver operating characteristic curve,
AUC) KB H G0 5 CAIEH Z A 173 [AAH G I [35] [36], VAT S R A, SR

4.1. BYIEE

TR TER BN R A ERRKNEER. fEHZE PCA kR FEHUhER 1L 2 7k 5 1 2 A]
SR PR T RS B AR, FRAT EE A BRSO R, RUR B 2 RS R FE RGBS BRI
. BRI, FRATA GridSearch Sl SR EAEMBIEL. 25 MHRHER 3l M R TG HELZ M 2 £ 16, It
FRER E R N B R IEESE N 2 B 20, {8 AUC 45 AR ZE BgE4T PR . IS 2 tha] LLE F,
TLEAG BHEFESIEI RN 3 I, AUC FOME i L s iy o 1 ] 8 TG 35 AR RE /NI, 23 [R5 R R 1Y)
FIEON AUC IRZIRAN K

TRy A2 2] x-5 y-5 B MR R E BAERE AL B, N TIRBIGE NI, AT — P IRE =
5 R AN T 2R A5 SR AR FE BRI 32 B 43550 (R R e, 36 A 7] 10 85 1 2 )4 JE 6 R A RO AN 2 ) (145
B VAR R BRI E JC R AT BAE R RN, JEECAS [R] R/ 2 A 2 MR R AT A%
ST ERES . KR Grid Search MR (K] 2), TATEEFIECH 3 Moc R E BHFE, 2 AME AR 514
JLFEM 2 2 8, WIKEIR, M2 mfE ARSI E N 3 1, JET 2 5 PCA {5 BARRE I 5 ik Re s 7= A B K )
AUC { 0.794. =[5 BAEFEFVEORK T 3 1, $8m 3= il o A0t 45 BRI A 1E 18] IR o
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Figure 2. Grid-search results of the optimized atomic sizes
for elemental informationmatrix and spatial informationma-

trix
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Figure 3. The ROC curves from spatial information matrix (a)
and the elemental information matrix (b) with different numbers
of principal components
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Figure 4. ROC curves of multiple PCA methods with different
number of clusters
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Figure 5. Geochemical anomaly scores based on multiple
principal component analysis
5. ETZEXTMO PRIk ERE T
1.0 100
P (b)
0.8 80
w1 0.67 60
B i
041 40
0.2 20
y —— ZIEPCAJIH: AUC=0.856 — LEPCAJ
0.0 : , : : 0 ‘ . : ‘
0.0 0.2 0.4 0.6 0.8 1.0 0 20 40 60 80 100
EBH R TR X T AL

Figure 6. ROC curve (a), and predictive probability curve (b) based on multiple principal component analysis
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